Introduction
The world financial system has experienced two interrelated crises in recent years-the global financial crisis (hereafter GFC) and the Eurozone crisis (hereafter EZC). The source of the GFC was the subprime credit crisis in the United States. The bankruptcy of Lehman Brothers was the world's first indication of the imminent global financial crisis. The Lehman bankruptcy was followed by the takeover of Merrill Lynch by Bank of America, and the consequent rescue of AIG. The crisis inevitably spread throughout the world, especially to Europe. Although the PIIGS (Portugal, Italy, Ireland, Greece and Spain) countries were severely affected, the situation in Greece has been worse since the EZC hit the Euro area in 2010. Analysts agree that the world has experienced the deepest recession since World War II.
Financial market contagion 4 is a widely discussed term within financial market research. The empirical studies investigate equity market contagions in the 1987 US stock market crash, the Asian, Russian, Mexican, Brazilian, global, and Eurozone crises. King and Wadhwani (1990) show that the correlations between the United States, the United Kingdom, and other developed markets increased significantly following the 1987 crash. Lee and Kim (1993) , extending this analysis to a dozen countries that include emerging markets, confirmed increased correlations, and thus contagion, during the 1987 crash. Calvo and Reinheart (1996) investigate the 1994 Mexican crisis, and show that correlations increased in a group of emerging markets. Forbes and Rigobon (2002) , studying the 1994 Mexican and the 1997 Asian crises, report no contagion but find interdependence in both episodes among 24 developed and emerging countries. However, Chiang et al. (2007) show contagion during the two phases of the Asian crisis, using a longer sample period. Baig and Goldfajn (1998) also find the presence of a contagion effect between equity and currency markets during the Asian currency crisis. Caporale et al. (2005) study the Asian crisis, and find a significant increase in co-movements among a group of South East Asian countries, and thereby conclude the co-movements are contagion. The study by Corsetti et al. (2005) is somewhat different from the existing studies on Asian crisis. Their study offers contagion for only five countries from a sample of seventeen countries (developed and emerging).
Goldfajn and Baig (2000) examine whether there was contagion during the Russian crisis with regard to Brazil, and conclude that contagion occurred, and that the mechanism of propagation was the debt securities market. Hon et al. (2004) test whether the terrorist attacks on the United States of September 11, 2001 , resulted in contagion in the financial market. Their results indicate that international stock markets, particularly in Europe, responded closely to the US stock market shocks during the three to six months following the attacks. Cappiello et al. (2006) also conclude that, during periods of financial turmoil, equity market volatilities show important linkages, and conditional equity market correlations among similar regional groups increase dramatically.
Furthermore, by pursuing a contagion analysis on BRIC (Brazil, Russia, India and China) countries, UK, and US data, Kenourgios et al. (2011) conclude that contagion spreads from the crisis country to other countries during the Brazilian, Asian, and Russian crises. Chudik and Fratzscher (2011) study 26 economies (defining the European Union area as a single economy) by using weekly data, and find that the tightening of financial conditions was the key transmission channel in advanced economies, whereas the real side of the economy was the main channel in emerging economies. Samitas and Tsakalos (2013) examine the correlation dynamics between Greek and European markets during the GFC and Greek crises, and report contagion during GFC, but not during the Greek crisis. Nevertheless, Kenourgios (2014) investigates volatility contagion across the United States and European stock markets during GFC and EZC, and finds the evidence of volatility contagion during both crises. In a nutshell, researchers have come to different conclusions depending on the econometric methods 5 they use to identify contagion, even though the general definition of contagion is the same. 5 Using a correlation analysis, Lee and Kim (1993) find evidence of contagion in the global stock markets after the 1987 US stock market crash. Chiang et el. (2007) use the dynamic conditional correlation (DCC) model of Engle (2002) to capture contagion in nine Asian stock markets (using daily stock-returns) during the 1997 crisis. Their study provides evidence of contagion in terms of increasing correlations. However, Boyer et al. (1999) and Forbes and Rigobon (2002) develop a measure of interdependence in order to test the change in correlation due to comovements in the volatility of asset prices. A linear transmission mechanism is used where restrictions on the variance of the common factors relative to the variance of the country-specific shock are imposed. On the other hand, Corsetti et el. (2005) define contagion for asset prices as the observed pattern of co-movements that is too strong (or too weak) compared to the predicted co-movements that are conditional on a linear transmission mechanism across countries. Corsetti et el. (2005) argue that enhanced correlations across countries during a financial crunch does not provide evidence for contagion. Samarakoon (2011) uses a VAR framework on 63 emerging and frontier markets to produce counterintuitive results that contagion does not spread from the United States to emerging markets (except for Latin America), but from emerging markets to the US market.
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our study complements Caporale et al. (2005 ), Carrieri et al. (2007 ), Wälti (2011 ), and Christoffersen et al. (2012 by offering empirical evidence on transmission channels of contagion. These studies illustrate that the channel of transmission can vary during the crisis due to a change in the investors' behaviour. Our study tests several economic and financial channels as possible sources for the changes in the correlations during both the GFC and the EZC, and identify bank risk transfer between the United States and other countries as the primary transmission channel for contagion. Third, our study also complements Christoffersen et al. (2012) with regards to co-movement and portfolio diversification. Christoferssen et al. (2012) highlight that the diversification opportunities in the developed markets have diminished in recent years, while the emerging markets still possess some diversification benefits for global investors.
However, our results indicate that diversification benefits decay for most of the countries during the GFC and for European countries during the EZC.
The remainder of the paper is structured as follows: In Section 2 we describe the correlation analysis, which is the backbone of the contagion research. Section 3 presents the vector autoregressive framework, while in Section 4 we describe the dynamic conditional correlations and how they are obtained. In Section 5 we present the determinants of contagion, and Section 6 concludes the paper.
Correlation analysis
A correlation analysis is widely used for measurement of financial market contagion. Contagion is defined as the significant increase in the conditional correlations between the pre-crisis and crisis periods.
This correlation refers to when volatility transmits from a crisis-affected country to another country.
However, Forbes and Rigobon (2002) argue that heteroskedasticity (changing volatility) in the market returns cause increasing correlation, or contagion, and disappear fully through the adjustment of the correlation coefficients for the heteroskedasticity. As we consider the United States to be the source of the contagion, we generate bi-variate conditional correlations between the United States and other countries. We conduct the heteroskedasticy-adjusted correction of the coefficients to test for contagion 6 .
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However, we use the Fisher Z transformation 7 of the correlation coefficients to test the pairwise crosscountry significance. For the contagion test, we consider the one year before the beginning of the GFC as the pre-GFC period, and 01 January 2010 to 01 May 2010 as the pre-EZC period. We use daily MSCI US-dollar denominated stock price indices from 01 January 2003 to 31 December 2013 for 55 stock markets 8 .
The test results are reported in Table 1 . The heteroskedasticity adjusted Z-statistics confirm contagion in 19 (30) countries during the GFC (EZC). These results support Chiang et al. (2007) and Hon et al. (2004) , who argue that there is contagion even after the heteroskedasticity adjustment. The adjusted Z-statistics show that 10 (9) developed (emerging) countries are affected by contagion out of 21 (34) sample countries during the GFC, whereas 17 (13) developed (emerging) countries are affected by contagion out of 21 (34) sample countries during the EZC. These results demonstrate that the United States is a source of contagion during the EZC compared to the GFC. Among the European countries, of the 23 (15 developed and 8 emerging) in the sample, 11 (8 developed and 3 emerging) are affected during the GFC and 22 (14 developed and 8 emerging) are affected during the EZC. These results show that the GFC spread across global countries, whereas the EZC is more specific to European countries. However, Latin American emerging countries are equally affected during both crises. The Asian emerging countries are partially affected by the GFC, but are untouched during the EZC. African and Middle Eastern emerging countries are unaffected by the GFC, but partially affected by the EZC.
[Insert Table 1 about here]
Vector autoregressive and endogeneity problem
To estimate the cross-market correlations, we follow Hon et al. (2004) and use the unrestricted vector auto regression (VAR), which was originally developed by Forbes and Rigobon (2002) . We use five the equation 1, = 0 + 1 2, + 1, ; and v1,t is the stochastic noise independent of r2,t;  is the relative increase in variance of r2. The ( 2 ) ℎ and ( 2 ) are the variance of r2 in a high-volatility period and a low-volatility period, respectively.
7 Morrison (1983) suggests that test statistics for the null hypothesis of no increase in the correlations,
, where Z0=0.5*ln((1+0)/(1-0)) and Z1=0.5*ln((1+1)/(1-1)) are Fisher transformations in the pre-and crisis periods; N0 and N1 are the number of observations in the pre-and crisis periods. The test statistics are approximately normally distributed and are fairly robust to the non-normality of the correlation coefficients after the Fisher transformation. Hon et al. (2004 ), Chiang et al. (2007 , Basu (2002), and Corsetti et al. (2005) use the Fisher Z transformation in their studies. 8 We collect the data from Thomson Reuters' Datastream. Out of 55 countries, 21 are developed and 34 are emerging. We classify the developed markets by region as European, Asian, and American developed markets. We also classify the emerging countries by following Wang and Moore lags to filter out the possible autocorrelations in trading patterns, and we implement the VAR framework as specified below to estimate the variance-covariance matrix for pre-crisis and crisis periods. The model is specified as follows:
where Rt is the vector of returns in two markets, m is the constant, Φ( )is the vector of the lags, Γ is the vector of disturbances, is the US market return as a global factor 9 , and is the market return in market i.
Due to the fact that the global crisis originated in the United States, we assume that the observable shock on the US market transmits to the other countries during both the GFC and the EZC.
We use the VAR-Granger causality approach to test the significance of off-diagonal elements. The VAR process is adjusted for heteroskedasticity in the sample. By following Hon et al. (2004), we report the results for VAR-Granger causality in Table 2 . We find that the null hypothesis of no causality is rejected in all of the countries except for Nigeria and Pakistan during the GFC and in Spain, Morocco, Argentina, Brazil, and Mexico during the EZC. However, we find a low degree of reverse causality for some developed countries like Canada, Australia, France, Germany, and the United Kingdom during the GFC, but none during the EZC. These results indicate that there is no feedback effect from other markets during the EZC and a weak feedback effect during the GFC. Nevertheless, they support weak exogeneity and also confirm that the GARCH specification does not suffer from endogeneity problems.
[Insert Table 2 about here]
Dynamic conditional correlation
We test whether the correlations are static or dynamic in nature. Testing the model for constant correlations is difficult, because testing for dynamic correlations requires using data with time-varying volatilities that can result in a misleading conclusion (Engle and Sheppard, 2001) , and rejection of a true constant correlation because of mis-specified volatility models. On the one hand, Tse (2000) conducts a null constant conditional correlation (CCC) against an autoregressive conditional heteroskedasticity
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(ARCH) as a correlation alternative. Bera and Kim (1996) 
where , is the country-specific return, , −1 is the country-specific lag return, −1 is the US market return at time t-1, and , |  −1 ≈ N(0, H t ). By following our earlier definition, we use lagged US return as a global disturbance factor in our mean model (see Chiang et al., 2007; and Dungey et al., 2003) .
Following Engle (2002) and Cappiello et al. (2006) , we estimate the multivariate DCC-GARCH using the following equations: . We obtain the a and b by maximizing the log-likelihood of the DCC process given by the following equation:
An imposed restriction on the model is that + < 1 . We obtain the pattern of the dynamic correlations by using Eq. (7), for which the dynamic correlation between series i and j at time t is equal to
. We proceed to apply the DCC framework to identify the presence of contagion at the country level. Table 3 reports the estimates of the returns by using Eq. (3) and the conditional variance by using Eq. (6). We report the estimates of the returns in Panel A. We find that the AR (1) is negative (significant) for all of the developed countries that indicate the presence of positive feedback trading in these markets. However, the AR (1) States is a global disturbance factor that has a significant influence on the returns of other countries.
We report conditional variance GJR estimates from the DCC-GARCH (1,1) model in Panel B of Table 3 . The coefficients for the lagged variance and shock-squared terms in the DCC-GARCH equation (Eq. 6) are highly significant, and indicate a time-varying volatility. These results also justify the specification of the GARCH (1,1). However, the sum of the lagged variance and the shock-squared terms (α+β) is close to one. This result shows the presence of volatility persistence in both developed and emerging markets. We report the DCC coefficients in column 9. We find from this column that the dynamic correlations are generally high in developed countries; diverse correlations are reported in emerging markets. Specifically, the dynamic correlations between the United States and the emerging countries of Africa, the Middle East, and Asia are very low; they are high with the Latin American emerging markets, and moderate with European emerging markets.
[Insert Table 3 about here]
We also present the pairwise regional DCC graphs in Figure 1 . The graph illustrates that developed markets have a high degree of correlation with the United States, whereas emerging markets have a low degree of correlation. However, market contagion is visible during both the GFC and EZC periods.
[Insert Figure 1 about here]
Furthermore, we estimate the dynamic feature of the correlation changes during the GFC and the EZC. We introduce GFC and EZC dummies to capture the crises regimes in the mean equation (Eq. 9) as below:
where ̂, , is the DCC coefficient between market i and the US market at time t, the GFC and EZC are dummy variables for the crises period, and is the error term. The ARCH-LM test statistics are rejected for all countries. This result confirms the significant heteroskedasticy in the DCC coefficient, and
indicates that the conditional variance equation follows a GARCH (1,1) process. Thus, we propose Eq.
(10) for the variance equation:
where, ℎ is , 2 . The presence of contagion is identified with the significant positive coefficient of .
The significance of the estimated coefficients of the dummy variables indicates structural changes in mean/variance shifts of the correlation coefficients, due to external shocks during the GFC and/or EZC. Table 4 reports the results for the mean model (Panel A: Eq. 9) and the variance model (GARCH) (Panel B: Eq. 10).
In Panel A, we find that both the GFC and EZC coefficients are highly significant for developed markets. This significance indicates that crises are common phenomena for developed countries, and structural shifts in the correlation coefficients are due to external shocks during the GFC and the EZC.
However, the coefficients for the crises are largely insignificant for African, Middle Eastern, and Asian emerging markets with some exceptions, but the coefficients for the European emerging markets are highly significant during the EZC. In Panel B, the estimates of the GARCH (1,1) model are reported. The coefficients for both crises are positive and highly significant except for Egypt, Lebanon, Mauritius, and
Pakistan. The results indicate more volatile changes in the correlation coefficients during the crises. The evidence thus suggests that when the crisis hits the market, the correlation coefficients could vary greatly, and this variability could be prolonged for a significant period of time. The test statistics for the robustness checks for crisis dummies are rejected for all countries except for Egypt, Lebanon, Mauritius, and Pakistan, indicating that the results are robust between the crisis periods 11 .
[Insert Table 4 about here]
Determinants of cross-country correlation
Despite the fact that the noise of the correlation coefficients could be sensitive to cross-country variation in the macroeconomic variables and country characteristics, we apply the multivariate regression analysis in Eq. (11) to the country-year setting, to determine the driving forces behind the cross-country correlation:
, , = 0 + 1 , , The results are reported in Table 5 . Models 1-3 report the results for the full sample; model 4
reports the results for developed countries; model 5 is for results from emerging countries; and models 6-9 are for results from African, American, Asian, and European emerging countries. In general, our results illustrate that the United States' bank risk transfer is a key driving force for the cross-country conditional correlations, with the exceptions of African and Middle Eastern emerging countries. The difference in real interest rates influences the cross-country correlations in developed countries.
[Insert Table 5 about here]
Conclusion
The purpose of this paper is to investigate market contagion across countries due to the GFC and the EZC. By using daily MSCI US-dollar stock price indices for 55 stock markets for the period from 2003 to 2013, we find evidence of contagion in developed and emerging markets during the GFC and the EZC.
This evidence shows that the United States is a source of contagion during both crises. These results also indicate that the GFC is more of a global phenomenon than the EZC. However, Latin American emerging countries are equally affected during both crises, but Asian emerging countries are partially affected by the GFC and untouched by the EZC. African and Middle Eastern emerging countries are unaffected by the GFC but partially affected by the EZC. We find that both the GFC and EZC dummies are highly significant for developed markets, but the EZC dummy is particularly significant for European emerging markets. Finally, we find that the net bank risk transfers between the United States and other countries are a key driving force for changes in the cross-country conditional correlations for markets, except those in Africa and the Middle East. Our findings are robust across the crisis periods.
The paper has a major implication for international portfolio diversification. The findings of the paper indicate that the benefits of portfolio diversification were significantly decayed during both crises. 
Table 4 Changes in dynamic correlations between market stock returns during different crises
This table reports the impact of the GFC and the EZC on the dynamic conditional correlations. We estimate the effect both at the mean (Eq. 9) and variance (Eq. 10) levels. We im and variance models. Q (5) is the Ljung-Box Q-statistics up to fivedays, testing the serial correlation of the residuals. ARCH (5) By following a conventional approach, we calculate stock returns as the first difference of the natural log of each stock-price index, and the returns are expressed as percentages. Appendix Table A1 presents the descriptive statistics of the daily returns in three panels (A-C) 13 . Panel A reports the descriptive statistics for the full sample period, Panel B reports the descriptive statistics for the GFC, and Panel C reports the descriptive statistics for the EZC. The mean return of the MSCI indices for the full period is 0.04%, whereas the mean return for the GFC declines to -0.05% and declines to -0.01% for the EZC. The standard deviations for these periods are 1.69%, 2.42%, and 1.52% that indicate the GFC is more volatile than the EZC. The table also reports excess kurtosis for the stock return series for all three panels that indicates that big shocks in either sign (+/-) are more likely to be present and that the stock-return series might not be normally distributed. The Jarque-Bera (JB) statistics are significant in all three periods that indicates abnormality in the distribution and that series autocorrelation exist, which is 
